e ~ A
5508 38 M w45 AR 2013 4 8 J]
Vol. 28 No. 8 Control and  Decision Aug. 2013

XEHS: 1001-0920 (2013) 08-1121-09

—
=

Hrd 2 B V3 X 4Rk

&R, XK, Ri&dh, AR
CE M TR il LR, V% 710025)

=]

B E: m AR ST DO S A T 2 ST B R AT R A — R A LA 2 3 i, ST AL B R
FEA R L M2 52 2 R0 1) 5. 76 1 3R 207 R IR B LA L, 0BT T LR AE TR M A A0 IR e T 0 A 4
Wl R, 5 T SOk . S I 4 RN SRR I LA B, %07 VE AT 28 5 SR S S B BRI DA S i B R
BOCE A, ST & N U IR S ARG A B A T SN S R T AR SR R T ).
FKBEIT: WA REMEIE; MLERAE s eRBCESIN) BT 2ERERE TS AHIEFE

HESES: TP18] NEFRERD: A

Overview of Gaussian process regression
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Abstract: Gaussian process regression(GPR) is a new machine learning method by the context of Bayesian theory and
statistical learning theory. It provides a flexible framework for probabilistic regression and is widely used to solve the
high-dimensional, small-sample or nonlinear regression problems. Its principle is introduced in the function-space view and
several limitations such as computational difficulties for large data sets and restrictive modelling assumptions for complex
data sets are discussed. Several improved approaches for these limitations are summarized. GPR is simple to implement,
flexible to nonparameter infer and self-adaptive to determinate hyperparameters in comparison with neural network and
support vector machines. The attractive feature that GPR models provide Gaussian uncertainty estimates for their predictions
allows them to be seamlessly incorporated into predictive control, adaptive control and Bayesian filtering techniques. Finally,

its applications are given and future research trends are prospected.
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